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Objective: Laparoscopic simulation is widely used in surgical training. However, the impact of training on performance is difficult to assess. Observation is time-intensive and subjective. SurgTrac™ laparoscopic box-trainer instrument tracking software provides continuous, automated, real-time, objective performance feedback. We used this data to assess the relationship between task attempts and performance. We assessed whether improvement in performance with repetition could be modelled in learning curves that might be used for benchmarking. 

Design: Anonymised SurgTrac™ data for performances undertaken between 10/2016 and 05/2019 were retrospectively extracted. The thread transfer task, a basic instrument handling task, was assessed. Task duration and instrument-based metrics were analysed; total distance travelled by instrument tips, average speed, average acceleration, and the ratio of movements between the left and right hands. Curve estimation regression was used to assess the relationship between attempt number and metrics for pooled data across the entire cohort of users and amongst individual users with ≥50 attempts. Threshold for significance p=0.05.

Setting: SurgTrac™ has generated the largest available database of performances in box trainer simulated tasks with 64,000 activities performed by over 1,450 users in 77 countries to date. 

Participants: Data was derived from the unselected world-wide cohort of SurgTrac™ users. No participants were excluded. 

Results: 578 users performed 13,027 attempts in the thread transfer task. Across the entire cohort, SurgTrac™ performance metrics were significantly associated with attempt number. Task duration and total distance decreased with attempt number. This benefit persisted across 100 attempts. Ambidexterity increased with attempt number. Individual candidate performance improved in line with predicted learning curves for better performing candidates.

Conclusions: We analysed the largest database of simulated laparoscopic task performances. Performance improves with practice. Using learning curves derived from peer-group performances as benchmarks, users may be regularly and objectively assessed to support personalisation of training. 

ACGME competency addressed: Practice-based learning and improvement. 









A laparoscopic approach is the standard of care for many surgical procedures. Surgical trainees must become proficient in core laparoscopic skills early on in their training. By comparison to open surgical approaches, laparoscopic surgery poses unique technical challenges that must be mastered, including restricted depth perception, limited haptic feedback and the fulcrum effect (1). These challenges can be simulated safely outside the operating theatre, enabling trainees to practice and master basic laparoscopic skills. Simulation training can also in part mitigate reduced operative time as a result of working hour restrictions (2). Importantly, improvements in simulation performance are translated into enhanced operative performance amongst surgical trainees, as assessed by global rating scores (3). 

Laparoscopic box trainers facilitate simulation and practice of generic laparoscopic skills such as instrument handling, cutting and intracorporeal suturing (4). They are less expensive than virtual reality simulators and provide haptic feedback (5,6). Their low cost and ease of transport can support provision of take-home laparoscopic box trainers, enabling trainees to practise outside work, and out with working time restrictions (7). 

Sustained effort to improve performance, so-called ‘deliberate practice,’ is enhanced by performance assessment and feedback (8). For this reason, global rating scores applied to assessment of surgical performance, such as objective structured assessments of technical skills (OSATS), have been applied to simulated task assessment. This usually requires observation of the task performance by a trainer, limiting its utility for regular feedback, and making it impractical for out-of-hours assessment. Automated objective performance feedback can be generated using a variety of instrument tracking metrics that record instrument position and orientation using mechanical, electromagnetic, ultrasound, or optical strategies (9). The data acquired from instrument tracking can be used to identify trainee strengths and weaknesses, to generate learning curves to compare to standardised benchmarks, and to incentivise skill acquisition and goal-setting. 

These instrument tracking strategies have not enjoyed widespread use (9), largely because of lack of availability and reliability. This has so-far prevented curation of the large datasets of task performance needed to adequately assess the relationship between practise and performance. SurgTrac™ is a cloud-based instrument tracking software for box trainers that provides real-time feedback. SurgTrac™ has generated the largest available database of performances in box trainer simulated tasks, with 64,000 activities performed by over 1,450 users in 77 countries to date. The instrument tracking software is optimised for the eoSim box trainer (eoSurgical Ltd., Scotland, UK) for which construct, concurrent and content validity has been demonstrated (10,11), but is compatible with other laparoscopic box simulators. SurgTrac™ performance metrics differentiate novice from expert users (11,12), but the impact of repeated training on performance has not previously been assessed.  








SurgTrac™ instrument tracking software

SurgTrac™ uses a ‘hue-saturation-value’ colour classification to track instruments in two dimensions. A red band is wrapped around the right instrument tip and a blue one around the left. Images are sourced through a single camera feed linked to a desktop or laptop computer, or via the mobile device app (iOS and Android). Frames from the image feed are analysed in real-time and thresholded for each colour to generate x- and y- co-ordinates of the instrument tips, at a rate of 30 frames per second. 

Objective performance metrics are determined by relating these co-ordinates to elapsed time. These include: 

i)	Task duration. The elapsed time between the instrument start and finish positions for a task. 
ii)	Total distance. The total distance travelled by both instruments for a given task. 
iii)	Average speed. The average speed of both instruments during a particular task. 
iv)	Average acceleration. The average change in speed of both instruments for the duration of the task. 
v)	Handedness. The average difference in the distance travelled by the left instrument with respect to the right, and vice versa. 

SurgTrac™ performance metrics are automatically stored on the software and are relayed to users immediately following task completion. Cumulative data over time is also reported. eoSurgical Ltd™ collects anonymised SurgTrac™ data and stores this securely on in-house servers to support software development. Users have the option to opt-out of their data being used for this purpose. Upon registering with SurgTrac™, users choose agree to consent to the following: 

You agree to allow eoSurgical Ltd. to analyse, use and distribute your anonymised data and videos for publication online, in academic presentations and publications and in any other form of media. This includes consent to the sharing of this anonymised data and videos with other professional institutions and other bodies for the improvement of surgical education and training.  

Given the nature of this agreement, local ethics approval was not sought. 





Anonymised SurgTrac™ data for performances undertaken between 10/2016 and 05/2019 were extracted and analysed in RStudio© (RStudio©, Boston, USA). Date-times were converted into POSIXt format for storage. Date-times were subset by anonymised UserID and arranged chronologically. Chronological date-times were recoded as ‘attempt number’. 

Statistical analysis – SurgTrac™ cohort & individual performance

Processed data was exported and analysed in SPSS version 24 (Chicago, Illinois, USA). The skewness and kurtosis of the data was analysed; skewness is a measure of symmetry and kurtosis refers to whether distributions were tailed or not. The curve estimation function was used to assess the relationship between attempt number and objective performance metrics across pooled data from the cohort of SurgTrac™ users. This is an unbiased method of determining the association between two variables. We generated curve estimation regression statistics for 4 regression models: linear, inverse, power and compound. Each regression model represents a possible type of learning curve:

Linear: changes in performance consistently vary over time. 
Inverse: practice is associated with a reduction in the metric of interest, with diminishing returns.
Power & Compound: practice is associated with exponential changes in the metric of interest.

Threshold for significance was set as p=0.05. Models that had the maximal R-square values were chosen as best-fit. Equations for these models were extracted from SPSS and equations were plotted in Graphpad Prism version 8.0 for Windows (La Jolla, California, USA). 
















578 users performed 13,027 attempts in the thread transfer task. The median number of attempts was 11 (IQR; 4-23). The skewness of the data was 8.642 and the kurtosis was 116.676, suggesting that the data was not normally distributed and that some users undertook many more attempts than the median. The distribution of number of attempts per user is shown in Supplementary Fig. 1. 

We described learning curves for each metric used to assess the threading task performance by determining its relationship with attempt number for pooled data across the entire cohort, using curve estimation. The best-fit models for the relationship between attempt number and instrument tracking metrics are shown in Table 1. Attempt number was significantly associated with all instrument tracking metrics (p<0.001). However, the goodness of fit for each model varied considerably, with R-squared values ranging from 0.002-0.044. The type of curve for best-fit models was metric dependent – associations were mapped by compound, power, inverse and linear functions. Equations for each association are shown in Table. 1. 

To evaluate the effect of practice on instrument tracking performance, we plotted best-fit models across user completed tasks up to 100 attempts. The relationship varied by the metric being assessed. Task duration and total distance decreased linearly across 100 attempts, suggesting practise was associated with persistent improvements in performance for these metrics (Figure 1). Conversely, reductions in average speed and acceleration diminished over time (Figure 2), particularly for acceleration, suggesting that after a certain number of task repetitions further practice yielded less benefit. Single handed dominance improved with practise (Fig. 3), with greater ambidexterity over time, as is expected. 

Analysis in users with ≥50 attempts

Given that the median number of attempts across the entire cohort was low (11 attempts), analysis of learning curves in users with more practice may yield more reliable results. Therefore, we repeated curve estimation analysis in users with ≥50 attempts. 58 users (10.0%) attempted the task ≥50 times. The median number of attempts per user in this cohort was 75 (IQR: 57-132). The skewness of the data was 4.421 and the kurtosis was 25.442, suggesting that the number of attempts was not normally distributed and that some users undertook many more attempts than the median. The distribution of number of attempts per user for this subgroup is shown in Supplementary Figure 2. The median time taken to achieve 50 attempts was 34 days (IQR: 5-117 days). 

The best-fit models for the relationship between attempt number and instrument tracking metrics in this restricted cohort are shown in Table 2. Attempt number was significantly associated with all instrument tracking metrics (p<0.001). As before, the goodness of fit for the models varied considerably, with R-square values ranging from 0.003-0.077. For left-handedness, two models (power and compound) had equivalent R-square values and both models were included. The type of curve for best-fit models included compound, power and linear functions. Equations for each association are shown in Table 2. Apart from average speed and acceleration, best-fit curves were the same type for each metric as those in the cohort analysis (Table 1). Best-fit curves in the restricted cohort are included in Fig. 1-3 and demonstrate good agreement with the those generated in the cohort analysis. 

Analysis of individual performance

We next evaluated how the associations seen across the entire cohort were reflected in changes in individual performance over time. To do this, we undertook curve estimation for the association of attempt number and metric, in each individual user with ≥50 attempts. The proportion of users whose individual learning curve fit the type of curve in the best-fit model for the restricted cohort is shown in Supplementary Table 1. For completeness, the proportion of users who fit any type of curve are shown in Supplementary Table 2. 











This analysis of the largest available database of metrics from box trainer simulated tasks confirms that performance improves with practice across the cohort of SurgTrac™ users. Attempt number was significantly associated with all instrument tracking metrics (p<0.001), suggesting user performance improved over time with practice. Specifically, task duration, total distance, instrument speed and acceleration all decrease with training. With practise, users also demonstrate a trend towards greater ambidexterity. We have generated equations for these learning curves, which enable the expected benefit of practice to be quantified and applied to other datasets. Analysis of individual performance for users with ≥50 attempts suggests that task duration and total distance metrics at 50 attempts are negatively correlated with fit to the learning curve.

The strength of this study is derived from the size of the cohort analysed - the largest reported - and the unbiased process of curve estimation. Nonetheless, we do not possess information on the prior clinical or simulation experience of our users, which limits the inferences we can make. From experience, most users are junior clinical trainees with little prior laparoscopic experience. However, we cannot assume that the incremental training benefits we see will be applicable to more experienced operators.

Task duration and total distance travelled by instruments are thought to reflect task competency and ‘economy of movement’ and have been shown to decrease with training (13). Our analysis reinforces this. The benefit derived from practise is retained over 100 user attempts, suggesting that even with sustained practise, users continue to improve basic instrument handling. We observed decreases in average instrument speed and acceleration with practise, which may reflect greater control of the instruments themselves. This is at odds with other studies that have found speed to be greater in expert versus novice performers (14,15) but consistent with others (16,17). Ambidexterity is commonly viewed as a desirable surgical attribute and is a key factor in laparoscopic surgical skill proficiency (18). Practise is associated with convergence to ambidexterity in performance in our cohort. To our knowledge, this has not been demonstrated objectively by instrument tracking before. We acknowledge that we do not know the prevalence of left handedness in this cohort. It is widely held that 10% are left-handed (12% men, 8% women). 

We conducted further analysis on users with at least 50 attempts; this number was chosen to to reduce the likelihood of outliers affecting our observations.  The median time taken to achieve 50 attempts was just over one month, which is feasible in training programs. Unfortunately, due to the anonymisation of participating users, we do not possess demographic or background information for these users and cannot assume that their behaviour is similar tolike the rest of the cohort. Variability in engagement likely reflects motivation and competing time commitments. Nonetheless, we note that the nature of learning curves in these users were broadly similar tolike those derived from the whole cohort analysis, suggesting that trainees should fit the curve regardless of attempts performed.

Task duration and total distance metrics at 50 attempts are negatively correlated with fit to the learning curve. This means that the improvement in performance with task repetition most closely followed the pre-specified learning curve for better performing candidates. Correlation of a candidate’s performance against a peer-group learning curve may therefore be a useful tool to objectively assess and stratify progress. Poorly performing trainees could be more easily identified and may be targeted for additional support. In our analysis this relationship between performance and learning curve adherence was weak, at least in part because of ‘noise’ in the use of the candidate’s 50th attempt performance score. We made an assumption that the 50th attempt was fully representative of the candidate’s ability. 

Not all trainees have the same capacity to acquire surgical skills. Differences in ‘raw surgical ability’ are observed amongst novices in endoscopic surgery (19) and a subset of trainees (8.1%) do not acquire laparoscopic proficiency at all (20). This can be difficult to detect in the early stage of training when targeted assistance to support skill acquisition might be most effective. The instrument tracking and learning curve strategy that we have outlined therefore has the potential to have a profound effect on oversight of surgical training. The precise performance metric standard for assessing adequacy of performance should be defined in peer-group data-sets.

There are several caveats to our analysis, however. Firstly, we have measured fit to the curve, not necessarily whether the performer is ahead or behind it. Trainees who do not obey the cohort learning curve may be superior performers and are actually ‘ahead of the curve’. Other possibilities are that certain users do not find the thread transfer task useful as a training exercise or that they do not possess the requisite ability to develop laparoscopic instrument handling skills. Understanding the reasons for a lack of improvement in the thread transfer task will inform personalised feedback and guide training delivery. Although our analysis was limited to the thread transfer task, the broad principles outlined may be relevant to other training exercises and should be corroborated further. Skills training is an important aspect of the modern surgical curriculum. However, we recognise that not all skills, including non-technical skills, can be trained in a simulated setting.

Generating learning curves for instrument tracking metrics enables trainees and trainers to gauge performance and progression with respect to peer groups. We have identified which metrics are expected to change with practice, which will help identify trainee strengths and weaknesses and enable goal setting, for example in annual appraisal. This data can also motivate trainee development. Such feedback can be communicated immediately unlike structured educational reports or objective structured assessment of technical skills. These metrics may also inform benchmarking at surgical selection days and enable unbiased evaluation of technical skills. 
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Table 1 – Best-fit models for association between attempt number and SurgTrac™ metrics, across the entire cohort (n=578). 



























Table 2 – Population best-fit models for association between attempt number and SurgTrac™ metrics, for users with ≥50 attempts (n=58). 

Metric 	Type of Curve	R square value	p-value	Equation
Task Duration	 Compound	0.077	<0.001 	 
Total Distance	 Compound	0.044	<0.001 	 
Average Speed	 Compound	0.014 	<0.001 	
Average Acceleration	Compound	0.003	<0.001	
Left-Handedness	 Power	0.010 	<0.001 	 
	Compound	0.010	<0.001	
Right-Handedness	 Linear	0.015 	<0.001 	 





2



